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Clustering approach based on style transfer for
unsupervised person re-identification

ZHANG Zhi', BI Xiaojun’

(1. College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China; 2. School of In-

formation Engineering, Minzu University of China, Beijing 100081, China)

Abstract: The substantial difference between the source and target domains is the most crucial factor affecting the per-
formance of unsupervised person re-identification models. The clustering-based unsupervised person re-identification
method alleviates the problem to a certain extent by mining the similarity between the target domain, but it does not funda-
mentally eliminate the discrepancy between the domains. This paper proposes a clustering approach based on cross-do-
main style transfer for unsupervised pedestrian re-identification. First, to avoid the difference between domains in cluster-
ing-based unsupervised person re-identification models, the across-domain style transfer method based on a generative ad-
versarial network is introduced into the clustering process. It transfers the source domain data to the target domain style
data, which directly reduces the difference between domains and improves the recognition effect of the model. Second, the
generator of cross-domain style transfer model has a single transfer scale and low efficiency of characteristics information
transfer. A new type of residual block is proposed to replace the original residual block; then, it is inserted into the generat-
or to achieve up-sampling and down-sampling. The specific generator has more characteristics of the scale transfer, and it
transmits information more effectively. The cross-domain style transfer model can better transfer the style of the source and
target domains, further reduce the difference between the two domains, and improve the recognition effect of the overall
model. Extensive experiments were implemented on Market1501 and Duke-MTMC-Reid datasets to examine the pro-
posed method, and the results showed that the proposed improved method achieved a better recognition effect.

Keywords: machine vision; pedestrian re-identification; unsupervised; clustering; style transformation; generative ad-

versarial networks; residual block; cross domain
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Fig. 1 Clustering approach based on style transfer for unsupervised person re-identification model
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FELAFAY 33.7 492 55.3 48.1 64.0 70.8 21.3
SPGAN 39.5 56.1 62.5 53.6 71.1 77.1 25.0
SPGAN+ 43.1 57.9 64.0 54.8 71.8 78.2 26.3

5 A R Rk 4 S dih AE 1] 7 T SPGAN+HEE 4 1y
EER R o B S AT LA HY, AR SO AL 7 9 3 1]
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S0 TR ] R XA B I 223 T H ARk ] R XL
&, SR B, el A XU B 400 455 R 78 A0 5 A5 R
A R

6, B 6(a) 27 JF A 4 14 BE B 3k H R
H, B 6(b) F275 1f 1] SPGAN #5544 I 5, [8] 15
ek B bR B S BEHLEE R E R, & 6(c) Fon il
FHAR SCHCHE 9 SPGAN-H5E ALK 5 35 115 55 45k B
bR EG M BEHLEEUE B o Zead xF e, mT LU H
5 1 SPGAN-+A 7 33F 47 KA 5% ¥ J5 19 145 A L
SPGAN #4551 32301 F H ARk XA -

AR5 2% T B SR 56, SPGAN-HSE Y 1) XUKE %
e B T SPGAN 1Y, A 138 BH 38 3 A 307 2%
WCHE T A A AR IR e 3 RS B — JRRRAE (S B
1 RORAR TR () 8, B S R TR iR A ) A B R ) 2
SIPERE, HR TR R XA e 4 ) A BE SR

%% 2 ", Baseline %7~ B %8 FH YR80 JR0)1|
25 1 Baseline #& 7 75 H brial b E4 T3 09 52 56 2%
R, SPGAN /R B S U5 4 [#11558 7 SPGAN £
R 30 % H Bn 38R B9 115, SR )5 Il 25 Baseline

BEAY, 7F H Ar s b A7 L 52 5 ; SPGAN+
ARFEA S AT N T U A B S B A ke
5 Y8 ok 1 153 ok SPG AN-HRE 0 66 o 1 H s 3 XA
i &%, 8% )5 1)1 25 Baseline #28Y, If-76 H brda | 3
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A A 5 B A AR R AR e 4 RO R — i, B
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B 2 2 PEBEANAE, fff SPGAN #5281 78 XUAK &%
e - ANRE IR BB A5 R o BRI, AR 43 52 56 iE B
AR S A SPGANA) AR il g it fifp e 7 i R
JE B — DL SRR AR AR 36 R AR T A )] AR i A
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FPUN AL LR . SEE X ARBIA 5 SSG D
KB 1A SEB HEAT A SO XS HLIRIE . SEER &G
W 3 s,



514 SR, S ¢ JE T KRS B 1) I B SR AT N EE IR 55

F 3 B SSG AL ISIELE R

Table 3 Results of improved SSG verification experiment %
i Market1501—Duke-MTMC-relD Duke-MTMC-reID—Market1501
Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
SSG 67.8 78.8 82.0 48.7 74.2 86.5 89.9 51.9
SSG+SPGAN 68.3 78.6 82.7 49.0 78.4 89.8 92.7 57.3
SSG+SPGAN+ 68.0 79.6 83.3 49.1 79.4 89.9 93.2 57.4

7 3 1, SSG+SPGAN KR ARSIl i SP- 1, 7 & AR B A b X A5 Y B 2R ) SR AEFE S T+ 3K
GAN 5| A2l SSG #L 1 p g A7 S0 80 AU 25 2R 5 R, b — 22Uk 1 oot UG e 4 A 1B SPGANH
SSG+SPGAN+3R /R A< 5L 4 i 11 SPGAN+5| A %] R DL B AR ) A b
SSG BERIP HEAT LB M LS R . thaR 3 AT, Xl 232 AXH kB LARF F bRk
% % 45578 SPGAN LA & SPGAN+4 31 5] A 5 SEERNT H AT A i e b T R R
SSG B h, Fe A UIRCR Y a7 R SSG AL 47 A B IR 5I M 4% (context rendering network,
RPN R s SSG+SPGAN 5 SSG+SPGAN+SE CR-GAN)!'" | JE T A6k 28 A0 458 [ 3 1 94T A
e, JE R LI Fard, 5 A RG] P51 (exemplar memory for domain adaptive person
{FE LA Duke-MTMC-relD A H bris it S50 o, H: re-identification, ECN)!'"" | TR L Ir % 5 % 2
rank-1 BSAIR T HTE, FABITR IR0 8 TR # 2B 7 NHE R G (deep soft multilabel reference

XA SR AR, £ X SPGAN BRI iR 4% learning, MAR)"” 1 SSG #E47 %) [t, S23 4% H 40
i RURE B — DA SRR AR B A% 36 R0 7% ) A g e AR
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Table 4 Comparison of the results between our algorithm and the advanced unsupervised person re-identification al-

gorithms %
. Market1501—Duke-MTMC-relD Duke-MTMC-reID—Market1501
S Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
CR-GAN 522 — — 30.0 59.6 — — 29.6
MAR 67.1 79.8 — 48.0 67.7 81.9 — 48.0
ECN 63.3 75.8 80.4 40.4 75.1 87.6 91.6 43.0
SSG 67.8 78.8 82.0 48.7 74.2 86.5 89.9 51.9
ARSI 68.0 79.6 83.3 49.1 79.4 89.9 93.2 57.4
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